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1 Dipartimento di Ingegneria - Universitá degli Studi di Palermo, Viale delle Scienze, Palermo, 90128, Italy 5 
2 Laboratory of Computational Hydraulics - University of Campinas, Campinas, São Paulo, Brazil. 6 
3 IngeniousWare GmbH, Jollystrasse 11, Kahlsruhe, 76137, Germany 7 
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Abstract 12 
This work presents a multi-criteria-based approach to automatically select specific non-dominated solutions 13 
from a Pareto front previously obtained using multi-objective optimization to find optimal solutions for pump 14 
control in a water supply system. Optimal operation of pumps in these utilities is paramount to enable water 15 
companies achieving energy efficiency in their systems. The Fuzzy Technique for Order of Preference by 16 
Similarity to Ideal Solution (FTOPSIS) is used to rank the Pareto solutions found by the Non-Dominated 17 
Sorting Genetic Algorithm (NSGA-II) employed to solve the multi-objective problem. Various scenarios are 18 
evaluated under leakage uncertainty conditions, resulting in fuzzy solutions for the Pareto front. This paper 19 
shows the suitability of the approach to quasi real-world problems. In our case-study, the obtained solutions 20 
for scenarios including leakage represent the best trade-off among the optimal solutions, under some 21 
considered criteria, namely, operational cost, operational lack of service, pressure uniformity and network 22 
resilience. Potential future developments could include the use of clustering alternatives to evaluate the 23 
goodness of each solution under the considered evaluation criteria. 24 
 25 
Keywords: water distribution systems, optimal pump scheduling, multi-objective optimization, multi-criteria 26 
analysis 27 
 28 
1 Introduction 29 
Operation of water distribution networks (WDNs) encompasses numerous manoeuvres of pumps and valves. 30 
Safe and efficient operation may reduce energy consumption in pumping stations, responsible for a 31 
significant energy consumption, and control pressures, thus reducing leaks. Despite operators’ expertise may 32 
help find practical control strategies, a suitable hydraulic model linked to adequate optimization algorithms 33 
can improve control, thus finding a reasonable trade-off between continuity of supply and energy 34 
consumption. 35 
The problem of optimal control considers bounds for pressure, tank levels and switches of pumps’ statuses, 36 
to reduce start-stop cycles of pumps. Moreover, a crucial element in real networks simulation is leakage. 37 
Hydraulic simulations considering leakage scenarios can help water utilities devise optimal pump control. 38 
The literature (see Mala-Jetmarova et al. (2017) for an exhaustive literature review) presents works using 39 
linear programming (Jowitt & Xu 1990), dynamic programming (Jowitt & Germanopoulos 1992), and 40 
evolutionary algorithms, such as Genetic Algorithms (Farmani et al. 2007). The application of derivative-41 
dependent methods is impractical due to such aspects as non-linearity and discontinuity characterising 42 
hydraulic problems. With the increase of computational capacity and the huge availability of data, real-time 43 
optimal control has also been exploited, by linking optimization processes based on bio-inspired algorithms 44 
to water demand forecasting algorithms (Meirelles et al. 2017). 45 
Frequently, single-objective approaches are used to find the minimal energy cost using meta-heuristic 46 
algorithms. Derivative-free methods are useful for real applications; however, they require special attention 47 
to the constraints. Since the operational problem must satisfy physical limits, such as minimal and maximal 48 
pressure along the network, unconstrained algorithms make use of penalty functions, which artificially 49 
increase the value of the objective function when constraints are violated. Depending on the penalty function 50 
used, the search space can be abruptly modified, and local minima may appear that make the search process 51 
even harder (Brentan et al. 2018). 52 
As an alternative to single-objective algorithms, various bio-inspired, multi-objective algorithms (MOAs) 53 
have gained popularity in the field (Montalvo et al. 2014, Odan et al. 2015). For MOAs, constraints are 54 
handled as objectives to reach. However, instead of a single solution, a MOA approach produces a set of 55 
non-dominated solutions, integrating the so-called Pareto front, which water utility staff may use as an aid in 56 
decision-making. The application of MOAs for pump scheduling can provide the operators with various 57 
control scenarios. In contrast to the benefits for decision makers of having a whole set of scenarios, the 58 
number of Pareto solutions can increase significantly, depending on the number of objectives, and a large 59 
number of solutions makes the decision hard. In this scenario, this paper proposes to manage the solutions 60 
obtained from the multi-objective optimization process using a suitable multi-criteria decision-making 61 
(MCDM) approach to rank the Pareto front solutions according to several weighted criteria namely, 62 
operational cost, operational lack of service, pressure uniformity and network resilience. 63 
The literature (Hamdan & Cheaitou 2017, Hadas & Nahum 2016) encourages the use of MCDM methods 64 
for various decision-making actions, and several techniques can be applied for ranking purposes (Cruz-Reyes 65 
et al. 2017). Among them, the most commonly used (Ho 2008) is the Analytic Hierarchy Process (AHP), 66 
originally developed by Saaty (1980), which calculates criteria priority vectors and rank alternatives. AHP is 67 
applied in the field of water management (Aşchilean et al. 2017) and, in general, in environmental 68 
applications (Lolli et al. 2017). Moreover, the literature (Zak & Kruszynski 2015, Zaidan et al. 2015) 69 
supports the integration of the AHP with other MCDM techniques to make final results more trustworthy. 70 
After weighting the evaluation criteria relevant to the decision-making process under study, this paper uses 71 
FTOPSIS, developed by Chen (2000), to get a final ranking of the fuzzy solutions on the Pareto front, thus 72 
effectively managing uncertainty. 73 
As a further development of a previous research (Carpitella et al. 2018a), this paper proposes a revised 74 
approach, increasing the degree of trustworthiness of the final results. First, the fuzzy Pareto front under 75 
leakage scenarios is obtained. The D-town network is used to test the impact of leakage on control decisions. 76 
A base scenario without leakage is used to find optimal operations using NSGA-II. The options are applied 77 
to scenarios with leakage on various district metered areas (DMAs). Each scenario is then evaluated in terms 78 
of operational cost, operation lack of service, pressure uniformity and resilience. Then, the aim is to aid 79 
decision-making by ranking the solutions (Kurek & Ostfeld, 2013) using FTOPSIS; criteria weights are 80 
previously calculated using AHP. This will show those alternatives exhibiting the best trade-off according to 81 
various aspects herein considered of primary importance. 82 
 83 
2 Multi-objective optimization and multi-criteria analysis 84 
2.1 Optimal pump scheduling 85 
Consumption patterns are diverse and vary in several ways. Water demand dynamics, despite the presence 86 
of tanks in WDNs, make pump operation a complex decision problem. To tackle this problem, mathematical 87 
optimization algorithms are applied to schedule pumping stations. The main objective is finding the best 88 
combination of pumps’ statuses guaranteeing safe operation, while using a minimum amount of energy. The 89 
optimization problem may be stated in terms of the energy cost, 𝐹𝐹1, for the pump system: 90 






𝑖𝑖=1 𝛥𝛥𝛥𝛥𝑐𝑐𝑡𝑡 , (1) 91 
where 𝑁𝑁𝑝𝑝 = number of pumps working during time horizon 𝑃𝑃𝑒𝑒; 𝑄𝑄(𝛼𝛼𝑖𝑖,𝑡𝑡) = pumped flow and 𝐻𝐻(𝛼𝛼𝑖𝑖,𝑡𝑡) = 92 
hydraulic head for pump 𝑖𝑖 operated under status 𝛼𝛼 at time step 𝛥𝛥, with efficiency 𝜂𝜂𝑖𝑖,𝑡𝑡. Finally, 𝛾𝛾 is the specific 93 
weight of water, 𝛥𝛥𝛥𝛥 the time step –one hour in this work–, and 𝑐𝑐𝑡𝑡 = energy cost at time step 𝛥𝛥. 94 
Since pump control must deal with physical and operational constrains, the mathematical problem also 95 
considers: minimum pressure 𝑃𝑃𝑚𝑚𝑖𝑖𝑚𝑚 in the system; oscillation of tank levels between their bounds, 𝑇𝑇𝑘𝑘,𝑚𝑚𝑚𝑚𝑚𝑚 and 96 
𝑇𝑇𝑘𝑘,𝑚𝑚𝑖𝑖𝑚𝑚; and the number of pump status switches during the operational horizon. To avoid penalty functions, 97 
objectives 𝐹𝐹2, 𝐹𝐹3 and  𝐹𝐹4, respectively, integrate the multi-objective optimization process: 98 




𝑖𝑖=1 , (2) 99 








𝑖𝑖=1 , (3) 100 




𝑖𝑖=1 , (4) 101 
where, for a water network having 𝑁𝑁𝑚𝑚 demand nodes and 𝑁𝑁𝑡𝑡 tanks, 𝑃𝑃𝑗𝑗,𝑡𝑡 is the pressure at demand node 𝑗𝑗, 𝑇𝑇𝑘𝑘,𝑡𝑡 102 
the water level in tank 𝑘𝑘, and 𝑠𝑠𝑖𝑖,𝑡𝑡 the number of status switches for pump 𝑖𝑖 during the time horizon. 103 
 104 
2.2 Non-dominated sorting genetic algorithm - NSGA-II 105 
As for other WDN problems, such as optimal design (Montalvo et al. 2014) or sensor placement (Ostfeld et 106 
al. 2008), pump operation problems (Ostfeld et al. 2008) also have conflicting objectives. The optimization 107 
of just one cannot guarantee an optimal real solution. A robust MOA will desirably make these objectives 108 
compatible. 109 
Based on classical genetic algorithms developed for single-objective problems, the NSGA-II is a 110 
development proposed in (Ancău & Caizar 2010). NSGA-II improves computation effort and elitism, and 111 
allows user-adjusted parameters. 112 
In each iteration, NSGA-II improves the fitness of a population of candidate solutions to a Pareto front 113 
according to various objective functions. Through evolutionary strategies (e.g. crossover, mutation and 114 
elitism), the population is organized by Pareto dominance. Similarly, sub-groups on the Pareto front are 115 
suitable evaluated, what eventually promotes a diverse front of non-dominated solutions. 116 
 117 
2.3 The FTOPSIS to rank the Pareto fuzzy solutions 118 
This section provides the reader with a brief description of the FTOPSIS method.  119 





�,     (5) 121 
where 𝑥𝑥�𝑖𝑖𝑗𝑗 is the fuzzy number that represents the rating of alternative 𝑖𝑖 under criterion j. Triangular fuzzy 122 
numbers (TFNs), characterized by ordered triples are used here: 123 
𝑥𝑥�𝑖𝑖𝑗𝑗 = (𝑎𝑎𝑖𝑖𝑗𝑗 , 𝑏𝑏𝑖𝑖𝑗𝑗, 𝑐𝑐𝑖𝑖𝑗𝑗).     (6) 124 
After the preliminary collection of fuzzy input data, 𝑋𝑋� must be weighted and normalized with relation to each 125 





























� · 𝑤𝑤𝑗𝑗, 𝑗𝑗 ∈ 𝐼𝐼′′,    (9) 130 
𝐼𝐼′ being the subset of criteria to be maximized, 𝐼𝐼′′ the subset of criteria to be minimized, 𝑤𝑤𝑗𝑗 the relative 131 
importance weight of criterion 𝑗𝑗, and 𝑐𝑐𝑗𝑗∗ and 𝑎𝑎𝑗𝑗− calculated as: 132 
𝑐𝑐𝑗𝑗∗ = max𝑖𝑖 𝑐𝑐𝑖𝑖𝑗𝑗 if 𝑗𝑗 ∈ 𝐼𝐼′,     (10) 133 
𝑎𝑎𝑗𝑗− = min𝑖𝑖 𝑎𝑎𝑖𝑖𝑗𝑗 if 𝑗𝑗 ∈ 𝐼𝐼′′.     (11) 134 
Referring to matrix 𝑈𝑈�, each fuzzy alternative has to be compared with both a fuzzy positive ideal solution 𝐴𝐴∗ 135 
and a fuzzy negative ideal solution 𝐴𝐴−, namely: 136 
𝐴𝐴∗ = (𝑢𝑢�1∗,𝑢𝑢�2∗ , … ,𝑢𝑢�𝑚𝑚∗ ),     (12) 137 
𝐴𝐴− = (𝑢𝑢�1−,𝑢𝑢�2−, … ,𝑢𝑢�𝑚𝑚−),     (13) 138 
where 𝑢𝑢�𝑗𝑗∗ = (1, 1, 1) and 𝑢𝑢�𝑗𝑗− = (0, 0, 0), 𝑗𝑗 = 1 …𝑛𝑛. The comparison between each alternative and these 139 
points is expressed in terms of their distance, computed through the vertex method (Chen, 2000). According 140 
to this method, the distance 𝑑𝑑(𝑚𝑚� ,𝑛𝑛�) between 𝑚𝑚� = (𝑚𝑚1,𝑚𝑚2,𝑚𝑚3) and 𝑛𝑛� = (𝑛𝑛1,𝑛𝑛2,𝑛𝑛3) is the crisp value: 141 
𝑑𝑑(𝑚𝑚� ,𝑛𝑛�) = �1
3
[(𝑚𝑚1 − 𝑛𝑛1)2 + (𝑚𝑚2 − 𝑛𝑛2)2 + (𝑚𝑚3 − 𝑛𝑛3)2].   (14) 142 
For each alternative 𝑖𝑖, aggregating with respect to the whole set of criteria, the related distances from 𝐴𝐴∗ and 143 
𝐴𝐴− are then calculated as: 144 
𝑑𝑑𝑖𝑖∗ =  ∑ 𝑑𝑑�𝑢𝑢�𝑖𝑖𝑗𝑗 ,𝑢𝑢�𝑗𝑗∗�𝑚𝑚𝑗𝑗=1 𝑖𝑖 = 1 …𝑛𝑛,     (15) 145 
𝑑𝑑𝑖𝑖− =  ∑ 𝑑𝑑�𝑢𝑢�𝑖𝑖𝑗𝑗,𝑢𝑢�𝑗𝑗−�𝑖𝑖 = 1 …𝑛𝑛𝑚𝑚𝑗𝑗=1 .     (16) 146 
The last step consists in calculating, for each alternative, the closeness coefficient 𝐶𝐶𝐶𝐶𝑖𝑖 to get the final ranking: 147 
𝐶𝐶𝐶𝐶𝑖𝑖 =  
𝑑𝑑𝑖𝑖−
𝑑𝑑𝑖𝑖−+𝑑𝑑𝑖𝑖∗
.      (17) 148 
 149 
3 Case study 150 
The combined approach for optimal pump scheduling is applied to the D-town network, a benchmark WDN 151 
presented in (Stokes et al. 2012). This network is formed by 396 nodes, 13 pumps and 4 pressure reducing 152 
valves. It has been explored in the literature from the energy and leakage management viewpoints. The D-153 
town has, by default, 5 DMAs determined by the pumping stations. Using these DMAs, three scenarios for 154 
pump scheduling have been developed. The first one, a base scenario, S1, does not consider leakage in the 155 
hydraulic simulations. The second, S2, and the third, S3, consider leaks modelled as emitters in EPANET for 156 
all demand nodes in DMAs #5 and #2, respectively. Modelling leakage in WDNs is difficult, since the 157 
pressure dependence of leaks makes the model computationally more complex and the physical parameters 158 
of the orifice are uncertainties to be calibrated in the model. In this sense, scenarios S2 and S3 are simulated 159 
with various parameters for the emitters, resulting in a fuzzy solution for the problem.  160 
To evaluate the effects of leakage, leaks were added for each pipe. The leakage model (18) is a pressure-161 
driven-based model, in which the pressure at the orifice of a pipe 𝑚𝑚 is taken as the average between the 162 
upstream, 𝑃𝑃𝑚𝑚,𝑡𝑡𝑢𝑢 , and the downstream, 𝑃𝑃𝑚𝑚,𝑡𝑡𝑑𝑑 , pressures. Coefficients β and α depend on the leakage features; 163 
in this work, the adopted values are 10-6 and 0.9, respectively. 164 







. (18) 165 
To solve the optimization problem, the NSGA-II algorithm implemented in Matlab is run using 900 random 166 
individuals, cross-over fraction 0.8, and elitism rate 0.05. Objective functions (1) to (4) are evaluated based 167 
on hydraulic simulations also run in Matlab, using the EPANET toolkit version. The three scenarios are run 168 
using the same NSGA-II parameters for crossover, elitism and population size.  169 
To work on the Pareto front, the stated MCDM approach is used. First, the following four criteria C1 to C4 170 
are considered: 171 
• C1: Operational cost: cost of energy spent to operate the pumps for 24h. 172 
• C2: Operational lack of service, herein considered as pressure deficit at the demand nodes. 173 
• C3: Pressure uniformity (PU) parameter, for evaluating pressure compliance. It allows to assess the 174 
pressure in the system in terms of the difference between the operational and the minimal and average 175 
pressures in the system. Less uniform pressure zones, with higher pressure difference values, 176 
correspond to bigger values of PU. 177 
• C4: The resilience of the network, calculated as proposed in (Todini, 2000). 178 
The rationale for selecting these criteria is clear. The higher the energy cost, the lower the pressure deficit in 179 
the water network, since more expensive operations are related to longer use of pumps, thus putting more 180 
hydraulic head into the system. The inverse correlation cost vs pressure deficit holds for all scenarios. An 181 
important point is the pressure deficit observed for the leakage scenarios. Operation under leakage conditions 182 
should produce positive pressure (condition for operation); however, this minimal pressure may not be 183 
reached, as leakage scenarios impair water supply, and the full demand cannot be delivered.  Furthermore, 184 
the operational cost has an inverse relationship with the switches of the pumps. Larger numbers of switches 185 
allow better pump management, saving energy; however, this may impair the future behaviour of the pumps. 186 
Lastly, tank deficit increases with operational costs, since the higher the hydraulic head in the network, the 187 
higher the volume overflowed from the tanks. 188 
Figure 1 shows 3-D representations of these criteria for scenario S1. The ideas in the previous rationale and 189 




Figure 1. 3-D representations of the Pareto solutions for scenario S1 194 
 195 
With the base solution for each scenario, the operations for S2 and S3 are subjected to two leakage values. 196 
These values generate fuzzy Pareto fronts. The Pareto fronts are handled by TOPSIS to select an optimal 197 
operation based on various leakage scenarios.  198 
The vector of criteria weights has been produced by a preliminary application of the AHP technique, through 199 
the support of an expert in the field. The degrees of importance for the mentioned criteria are: C1: 12.61%, 200 
C2: 8.94%, C3: 26.11/, C4: 52.34%. This confirms the great prominence of aspects related to network 201 
resilience. For the sake of conciseness, the AHP process is omitted here. 202 
Using these weights, FTOPSIS is applied to rank the fuzzy Pareto solutions found for each scenario. The 203 
Pareto fronts are respectively made up of 315 solutions for S1, and 105 for both S2 and S3. The solutions have 204 
been codified with a code 𝑃𝑃𝑃𝑃𝑖𝑖,𝑚𝑚, 𝑖𝑖 varying from 1 to 3 representing the scenario, and 𝑛𝑛 varying from 1 to 315 205 
for S1, and from 1 to 105 for S2 and S3. To apply the FTOPSIS, let us note that the first three criteria (cost, 206 
lack of service and pressure uniformity) are minimized whereas the fourth criterion (resilience) is maximized. 207 
This means that, when it comes to the use of formulas (8) and (9), criterion C4 belongs to the subset 𝐼𝐼′, 208 
whereas criteria C1, C2 and C3 belong to the subset 𝐼𝐼′′. 209 
The first five positions in the final rankings of alternatives for the three scenarios, according to the closeness 210 
coefficient values, are presented in Tables 1 to 3. Let us observe that for S1, being a scenario without leakage, 211 
just crisp values were obtained and, herein represented by singletons.  212 
 213 
Table 1. Final ranking reporting 5 out of 315 Pareto fuzzy solutions - scenario S1 214 
 215 
 6 
Ranking I D  C1 C2 C3 C4 CCi 
1 P S 1,272 1.16E+05, 4.88E+04 4.98E+0 3.10E+00 0.208341676 
2 P S 1,219 8.60E+04 6.84E+05 4.66E+02 8.70E-01 0.099690155 
3 P S 1,52 4.13E+04 1.19E+07  3.61E+0 0.00E+00 0.088569587 
4 P S 1,111 3.22E+04 1.31E+07 4.11E+02,  0.00E+00  0.087774002 
5 P S 1,220 4.34E+04 1.00E+07 3.74E+02 0.00E+00  0.08529466 
 217 
Table 2. Final ranking reporting 5 out of 105 Pareto fuzzy solutions - scenario S2 218 
 219 
Ranking I D  C1 C2 C3 C4 CCi 







































































Table 3. Final ranking reporting 5 out of 105 Pareto fuzzy solutions - scenario S3 221 
 222 
Ranking I D  C1 C2 C3 C4 CCi 







































































The solutions representing the best trade-off among the optimal alternatives, according to the evaluations of 224 
the considered criteria, are, respectively, PS1,272, PS2,42 and PS3,92. 225 
Regarding the four criteria, solutions PS2,42 and PS3,92 evaluated under leakage conditions increase the energy 226 
consumption for both scenarios. As expected, the energy efficiency of the water network is impaired by the 227 
leakage presence. Optimal operations are obtained in scenarios without leakage, while loss of efficiency is 228 
clear under leakage scenarios. Also, the pressure uniformity is harmed by leakage, increasing the PU index. 229 
Strongly linked to the PU, the operational lack of service is also harmed by leakage, since the flow rate should 230 
increase to deliver the nodal demand and also the leaks, thus increasing the head loss.  231 
Scenario S3 reveals an important feature and a clear advantage of the multi-criteria analysis. The first and 232 
second selected solutions, PS3,92 and PS3,12, are the only resilient solutions, that is to say, with C4 greater than 233 
0. This means that the optimal operation for this scenario can be applied under leakage conditions without 234 
impairing the service, despite the efficiency is lower than expected.  235 
 236 
4 Discussion and future developments 237 
Operation of water networks under high leakage rates is hard from the efficiency viewpoint. Reliability-238 
related parameters, such as resilience, are strongly affected by leakage. The results of multi-objective 239 
optimization for leakage scenarios find a trade-off between pressure deficit and cost. For some pressure 240 
deficits, the method is unable to find low-cost operation. For leakage scenarios, many solutions exhibit a 241 
resilience index of zero. It means that the minimum pressure is not accomplished. This situation does not 242 
occur for the base scenario. The criteria values for the base scenario do not induce natural clusters, as 243 
observed in Figure 1, making the final choice of a single solution (among those belonging to the Pareto front) 244 
an even harder task. 245 
Multi-objective optimization generates an entire set of optimal solutions. Without additional information, 246 
such a thing as the best solution in undefined. Multi-criteria analysis is useful for water distribution operators 247 
to help find the most suitable operation. Uncertainty associated to leakage scenarios can be considered in a 248 
number of ways on the fuzzy Pareto front generation. For future works, studies of probability of each leakage 249 
scenario can be conducted, in order to find more realistic fuzzy Pareto fronts. 250 
In our case, the combined MCDM-approach of AHP and FTOPSIS has confirmed to be useful to rank the 251 
solutions belonging to the Pareto front. Solutions in the first rank positions represent optimal trade-offs for 252 
the considered criteria. Three rankings have been calculated by applying FTOPSIS to three scenarios. 253 
Alternatives PS1,272, PS2,42 and PS3,92 occupy the first positions, respectively. 254 
Beside the usefulness of these rankings, a potential development of the present work regards the classification 255 
of alternatives into ordered classes. Classifying alternatives permits to acquire a clearer view about them, and 256 
to evaluate their global goodness according to various aspects. A helpful method to undertake such clustering 257 
is ELECTRE TRI (Roy, 2002), a method of the family ELECTRE initially introduced by Roy (1968). 258 
ELECTRE TRI permits to directly visualize the assignment of solutions to classes by means of a two-stage 259 
procedure developing first an outranking relation characterizing the comparison between each alternative and 260 
the limits of the classes, and then making use of that relation to assign each alternative to a specific class. As 261 
asserted by Certa et al. (2017), the application of ELECTRE TRI presents various strengths. Among them, 262 
the technique requires reasonable computational effort to achieve the final classification, and the class 263 
assigned to a specific solution can be easily traced back. The authors claim that the results obtained in this 264 
paper can be complemented and further developed by means of the use of ELECTRE TRI, which allows to 265 
manage large numbers of alternatives, as in the case of the proposed application. This method may help 266 
decision makers in the water supply field to deal with complex choices by evaluating solutions based on the 267 
classes they belong to. 268 
 269 
5 Conclusions 270 
Management of WDNs requires great attention in the context of urban and climate changes. Optimal schedule 271 
of pumps involves many physical and operational constraints, making single-objective optimization 272 
problematic. The use of penalty functions modifies the search space and often creates local minima. In 273 
contrast, multi-objective optimization results in a Pareto front of solutions; however, the final selection of a 274 
unique solution is a hard task for real-time operation. This work proposes multi-criteria analysis to help select 275 
Pareto front solutions obtained through a multi-objective approach for pump scheduling. 276 
A MCDM approach, FTOPSIS, is proposed to get the final ranking of fuzzy solutions on the Pareto front, 277 
under the evaluation of four criteria, namely cost, operational lack of service, pressure uniformity and 278 
network resilience. This approach permits to automatically select an option within a set of optimal solutions 279 
by considering leaks and effectively managing uncertainty. The procedure is applied to the considered 280 
scenarios by using the same criteria weights, derived from a previous AHP application. The addressed case 281 
study shows a practical selection of the most suitable solution according to four evaluation criteria. In all the 282 
considered cases, the final solutions present interesting features both in terms of cost and operational 283 
indicators. Even for low resilience, operation under high leakage rates should be taken into account to 284 
guarantee maximal efficiency. The evaluation of these solutions under leakage scenarios, points to 285 
modifications of the performance indexes, resulting in cost increase and resilience reduction. 286 
 287 
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